Motivation: An understanding of the coupling between a G-protein coupled receptor (GPCR) and a specific class of heterotrimeric GTP-binding proteins (G-proteins) is vital for further comprehending the function of the receptor within a cell. However, predicting G-protein coupling based on the amino acid sequence of a receptor has been a daunting task. While experimental data for G-protein coupling exist, published models that rely on sequence based prediction are few. In this study, we have developed a Naive Bayes model to successfully predict G-protein coupling specificity by training over 80 GPCRs with known coupling. Each intracellular domain of GPCRs was treated as a discrete random variable, conditionally independent of one another. In order to determine the conditional probability distributions of these variables, ClustalW-generated phylogenetic trees were used as an approximation for the clustering of the intracellular domain sequences. The sampling of an intracellular domain sequence was achieved by identifying the cluster containing the homologue with the highest sequence similarity. Results: Out of 55 GPCRs validated, the model yielded a correct classification rate of 72%. Our model also predicted multiple G-protein coupling for most of the GPCRs in the validation set. The Bayesian approach in this work offers an alternative to the experimental approach in order to answer the biological problem of GPCR/G-protein coupling selectivity. Availability: Academic users should send their request for the perl program for calculating likelihood probabilities at
INTRODUCTION
G-protein coupled receptors (GPCR) consist of a superfamily of proteins structurally characterized by seven transmembrane α-helices connected by alternating extracellular and intracellular loops. Through their extracellular and transmembrane domains, GPCRs are capable of recognizing a variety of ligands resulting in the transmission of a range of signals across the cell membrane. The intracellular signals relayed upon receptor activation are determined by specific classes of G-proteins, which the receptor is functionally coupled to through its cytosolic loops. G-proteins are made up of α, β and γ subunits and they are categorized based on the four different classes of α subunits (Wess, 1998; Bourne, 1997; Hamm, 1998) . The first two are the G s and G i/o classes of G-proteins involved in respectively activating or inhibiting adenylyl cyclase. The remaining classes consist of G q/11, which is involved in activating phospholipase C, and G 12/13 , whose function remains uncertain.
A central predicament in the field of GPCR research deals with determining the coupling specificity of a receptor to a particular class of G-proteins. This information, especially in light of the many orphan GPCRs that are known to exist (Venter et al., 2001; International Human Genome Sequencing Consortium, 2001 ) is critical to choosing the appropriate heterologous cell system for receptor expression and to understanding the physiological responses mediated by the receptors. So far, the specificity has predominately been determined through experimentation (TiPS, 2001 and refs therein) . Computational methods based on sequence comparison of GPCRs, e.g. BLAST (Altschul et al., 1990) and ClustalW (Thompson et al., 1994) , have proven to be unsuccessful in the prediction of G-protein coupling (reviewed in Wess, 1998) , because of the following reasons: (1) distantly related GPCRs with low overall sequence similarity are able to couple to the same class of G-protein; (2) members of many receptor subfamilies with much higher sequence similarity are coupled to members of different G-protein classes; (3) over 20 individual GPCRs are capable of coupling to multiple G-proteins (TiPS, 2001) . Other computational models for predicting G-protein coupling have been proposed, which are primarily based on numerous site-directed mutagenesis studies (Greasley et al., 2001; also reviewed in Wess, 1998; Horn et al., 2000; Oliveira et al., 1999) , kinetic modeling (Kukkonen et al., 2001) and correlated mutation analysis (CMA) (Horn et al., 2000; Oliveira et al., 1999) . However, the conclusions from these studies offer either an insight to a specific receptor or receptor subfamily, or otherwise do not assess the specificity of coupling between a receptor and multiple G-proteins. These limitations underscore the need for a uniform framework that can predict the coupling based on any receptor sequence.
In this study, we explored the possibility of using a statistical approach for devising a GPCR/G-protein coupling prediction model, by taking advantage of the near-comprehensive amount of sequence information and significant amount of coupling data assembled in the literature on GPCRs over the past fifteen years.
METHODS

A Naïve Bayes Model
Substantial studies have demonstrated that the coupling of GPCRs to G-proteins involves the intracellular domains and the C-terminus (reviewed in Wess, 1998; Horn et al., 2000; Oliveira et al., 1999) , which are the focus of this work.
To formally present our system, let X be a set of random variables {I C 1 , I C 2 , I C 3 , I C 4 , C}, where I C 1 , I C 2 , I C 3 and I C 4 are the attribute or feature variables corresponding to the four intracellular domains in a generic GPCR; and C is the class-label variable which assumes the values G i/o , G q/11 or G s (G 12/13 and G α15/16 were not considered in the study either due to lack of experimental data or the coupling has not been systematically tested for all GPCRs.). Therefore, our problem is reduced to the following: how do we assign a class label(s) given an instantiation of the attribute variables? In order to address this problem, we developed a Naive Bayes model in which the relationship between GPCRs and G-proteins can be encoded ( Figure 1 ). Naive Bayes was used because of its demonstrated performance in many domains and because there are relatively few parameters to estimate (Friedman et al., 1997) . A more important reason as to why we resorted to a Naive Bayes, rather than a Tree Augmented Naive Bayes (TAN) model (Friedman et al., 1997) , is that the dependency among the intracellular domains in G-protein coupling is currently not understood. Two assumptions are made during training and testing of the model: (1) a random sample of GPCRs are drawn from the underlying distribution P(I C 1 , I C 2 , I C 3 , I C 4 , C); (2) given a class label, G i/o , G q/11 or G s , the variables I C 1 , I C 2 , I C 3 and I C 4 become conditionally independent. According to Bayes' rule, the posterior probability of classifying any GPCR given its intracellular domains is
(1) Based on the chain rule of the probability theory and the conditional independence property of the Bayesian networks (Pearl, 1995) , the joint probability, given a class label c, of the graph in Figure 1 can be written as
= P(c)P(ic 1 |c)P(ic 2 |c)P(ic 3 |c)P(ic 4 |c).
(2)
Substituting Equation (2) in Equation (1), and using uniform priors, we obtain P(c|ic 1 , ic 2 , ic 3 , ic 4 ) ∝ P(ic 1 |c)P(ic 2 |c)P(ic 3 |c)P(ic 4 |c).
(3)
This means that we can calculate the likelihood probabilities given a receptor, thus to classify it, once we know the conditional probabilities (12 in total) for each intracellular domain. It is also our goal in this study to model multiple coupling to G-proteins by a single receptor. Let c = arg max{P(ic 1 |c)P(ic 2 |c)P(ic 3 |c)P(ic 4 |c)}, where c ∈ C, we define the following Bayesian classifier, BC = P(ic 1 |c )P(ic 2 |c )P(ic 3 |c )P(ic 4 |c ) P(ic 1 |c)P(ic 2 |c)P(ic 3 |c)P(ic 4 |c) . (4) BC = 1 when c = c and BC > 1 when c = c . Based on the current data, we decided the cutoff score to be BC 3.0 (see 'Results') for assigning the class labels, c.
The Dataset
The majority of the 146 GPCRs in the dataset are listed in Trends Pharmacol. Sci. Nomenclature Supplement (TiPS, 2001) for receptors and ion channels; and the remaining are newly de-orphanized receptors (Lembo et al., 1999; Bonini et al., 2000; Mori et al., 2001; Howard et al., 2000; Borowsky et al., 2001) . This dataset includes all of the human receptors of known G-protein coupling from the GPCR classes A, B, and C, along with one rodent receptor, rat TRHR2 (Cao et al., 1998 ) that has no human counterpart. Most of this dataset is derived from experimental studies using heterologous receptor expression systems. Using this mixed dataset, our model is not trying to predict G-protein coupling in an in vitro or in vivo setting, but rather to address the capacity of a GPCR to couple to G-proteins given its sequence.
As previously described, there appears to be no correlation between the intracellular domain sequences of a receptor and its ability to couple to a specific class of Gprotein. Although this observation holds true, it does appear that in some circumstances receptors within a particular subfamily are coupled to the same class of G-protein.
For example, the chemokine receptor subfamily members are mainly coupled to G i/o , the nucleotide/nucleoside receptor subfamily members to G q/11 and the melanocortin receptor subfamily members to G s (TiPS, 2001; Supplement Table 2 ). To avoid over-fitting the model due to the uneven distribution of the data, we had to remove what we call 'redundant receptors'. The redundancy is defined as intracellular domain sequences of GPCRs with the same G-protein coupling profile, and with more than 80% in sequence identity over 80% of the length of a query or hit, whichever is shorter. To carry this out, the dataset was roughly divided into two groups, a training set containing 91 GPCRs with a coupling ratio of G i/o : G q/11 : G s = 2 : 1.5 : 1, and a validation set of 55 GPCRs. To further eliminate the redundancy in the training set, we used the BLAST program (Altschul et al., 1990) to identify and subsequently remove the intracellular domain sequences satisfying the above criterion (the 80/80 rule of elimination). Note that some intracellular domains, e.g. I C 1 , are more conserved than others, thus more redundant sequences are removed from them. The resulting training set contained 83 GPCRs with all intracellular domains; two sets of four GPCRs with two and three intracellular domains, respectively (Supplementary Material 2). About two thirds of the GPCRs within the validation set contain at least one redundant intracellular domain to the training set.
Distribution of the intracellular domain sequences
The ClustalW program (Thompson et al., 1994) was used to approximate the sequence distribution of the I C 1 , I C 2 , I C 3 and I C 4 regions of the GPCRs within the training set. The sequences were then grouped together according to the clustering in the phylogenetic trees (Supplementary Material 1) produced by the program, and in each group the sequences were counted for calculation of the conditional probabilities. The clusters also serve as an approximation for the distribution of the intracellular domain sequences of the underlying population of GPCRs. Therefore, when new data emerges, we will not need to build de novo phylogenetic trees in order to update the conditional probabilities (see 'Bayesian updating the model' below).
As shown in Supplement Table 1 , grouping all of the sequences in a tree into one cluster would yield the minimal entropy (entropy = 0); the entropy monotonically increases as the partitioning points move towards the nodes (sequences). However, partitioning the tree close to the nodes would make the model deterministic since five out of six receptors in the training set are reportedly coupled to only one class of G-protein (TiPS, 2001) . In this study, we have decided to partition the phylogenetic trees such that the nodes in a cluster are within four to five branches of each other, resulting in eight to ten clusters per tree (Scenario 3 in Supplement Table 1 , and Supplementary Material 1). This approach should render the conditional probability distributions 'concentrated near' the maximum entropy (Jaynes, 1982) given the current data (TiPS, 2001) . It should be noted that even for Scenario 2 of partitioning the trees, there were no G scoupled receptor sequences in a couple of clusters. There were a few more such cases found for Scenario 3 (see Supplementary Materials 2).
Training the model
Given the structure in Figure 1 , the goal of learning the Bayesian network from the training set of GPCRs was to compute the posterior probabilities, P(c|ic 1 , ic 2 , ic 3 , ic 4 ), based on the conditional probabilities of the attribute variables. These variables assume discrete values, thus allowing for their distributions to be completely determined by a conditional probability table (CPT) (Jensen, 2001) .
Assuming the ith intracellular domain of n class c receptors, s i1 , . . . , s in , distributed in k clusters, follows the multinomial distribution,
where N i j is the number of observations for the cluster j, and k j=1 N i j = N i ; i = 1, 2, 3, 4, is the ith intracellular domain; c = G i/o , G q/11 or G s ; I C i |c = (ic i1 , . . . , ic ik |c), for j = 1, . . . , k, is a collection of the intracellular domain i sequences of the class c distributed over k clusters; P(ic i j |c) > 0 and k j=1 P(ic i j |c) = 1. It should be noted that because some GPCRs are coupled to multiple classes of G-proteins, every such sequence could contribute one count to each class of G-protein it couples to.
With a choice of the conjugate prior that follows the Dirichlet distribution (Heckerman, 1999) ,
where α i1 , . . . , α k are hyperparameters and α i = k j=1 α i j , the posterior probability also follows the Dirichlet distribution,
The Bayesian estimate of the conditional probability for each intracellular domain of the class c, P(ic i j |c), is the average for the cluster ic i j |c, i.e.
The hyperparameters were assigned with the value of one (Laplace's rule) to reflect the state of our ignorance about the GPCR sequence distribution, resulting in noninformative priors (Equation (5)). By normalizing the pseudo-counts (see Supplement Table 3 ) such that each column of a CPT sums to one, we were able to construct a CPT for each variable representing an intracellular domain (Supplement Table 4 ).
Bayesian updating the model
The receptors in the validation set used to update the model were subjected to the 80/80 rule of elimination. 36 receptors from the validation set were partially or completely removed from being used in updating the model. The distribution of the intracellular domain sequences was then determined using ClustalW. The pseudo-counts, with α new i j equaling to α old i j + N old i j , were tabulated ( Supplement Table 5 ), from which the updated conditional probabilities,
Calculation of the likelihood probabilities
A perl program, which samples the intracellular domain sequences of a GPCR and produces the likelihood probabilities, was written to automate the following steps: (1) adding the four intracellular domain sequences from a receptor to the respective Fasta files of the intracellular domain sequences of the training set of over 80 GPCRs;
(2) performing the ClustalW alignments; (3) parsing the phylogenetic tree files to identify the respectively closest homologues, thus assigning the conditional probabilities; and (4) calculating the likelihood probabilities.
Model assessment
Confusion matrices ( review by Fielding and Bell, 1997, and Supplement Table 8 for an example) were used to present the results. Supplement Table 9 summarizes the measures of classification accuracy derived from a confusion matrix.
RESULTS
For validating the model, we used 55 GPCRs, i.e. 165 possible coupling in total. The likelihood probabilities were calculated and summarized in Table 1 . Since assigning the additional class labels, besides the one based on maximum likelihood (when BC = 1), depends on the cutoff score of the Bayesian classifier (Equation (4)), we wanted to choose a cutoff score that yields a good overall measure of classification accuracy for the model. To accomplish this, we plotted the classification accuracy measures (Supplement Table 9 ) derived from the confusion matrices (data not shown) against the cutoff score ( Figure 2 ). When the cutoff score rose from BC = 1 to BC 3, so did some of the classification accuracy measures, such as CC, PPP and Kappa. As the cutoff score further increased, the classification accuracy measures decreased concurrently. As for the other classification accuracy measures, TP and FP increases with BC due to the respective decline of FN and TN.
One of the goals in the current study was to model the multiple coupling of GPCRs. We therefore wanted to choose a cutoff score for BC > 1. In our dataset of 146 GPCRs, at least 23 of them have been reported to couple to multiple G-proteins, of which seven (first seven rows of Table 1 ) were present in the validation set. When a cutoff score of BC 3.0 was used, the model was able Table 2 and Supplement Table 9 for the definition of the classification accuracy measures.
to capture the majority (13 out of 15 true positives) of the coupling between the GPCRs and G-proteins, with only two potentially false positives and two false negatives. As shown in Figure 2 , BC 3.0 also maximized CC, PPP and Kappa (72, 58 and 48%, respectively) . We therefore decided that this cutoff score best fit the data. Table 1 shows the predicted G-protein coupling for the validation set of GPCRs.
As stated in Section 2.2, about two thirds of the receptors in the validation set contain at least one redundant intracellular domain. We wanted to ensure that the predicted coupling (Table 1 ) did not result from overfitting the model. Therefore, receptors containing two or more redundant intracellular domains were subsequently removed. The resultant set contained 19 receptors without redundancy and 11 receptors with one redundant intracellular domain (Supplement Table 6 ). The classification accuracy measures based on the confusion matrix (not shown) were: CC = 74%; PPP = 64%; Kappa = 0.5; TP = 92%; FN = 8%; FP = 38% and TN = 62%. The overall result was slightly better than that derived from Table 1 , indicating that the model was not overfit with the training set of GPCRs.
To evaluate the classification accuracy per class, the results derived from Table 1 were broken down into three classes (see the confusion matrices in Supplement Table  10 ). The assessment, summarized in Table 2 , demonstrates that the predictions made by the model were in strong agreement with the experimental results for G i/o -and G s -, and less well so for G q/11 -coupled receptors.
DISCUSSION
An interesting outcome from our analysis of the 55 GPCRs examined from the validation set is that the model predicted promiscuous G-protein coupling for the majority of the receptors. In most cases, these results have not been observed when experimental studies were performed. Our observations could be explained by the following reasons: (1) These results may represent false positives due to the loose cutoff score, BC 3.0, especially for the predictions of G q/11 -coupling (Tables 1  and 2, and Supplementary Table 10 ) that may be reflective of the less specific nature of the assays used for detecting Ca ++ mobilization. Therefore, the interpretation of the predicted G q/11 -coupling should be cautious. On the other hand, based on the predicted results for the seven aforementioned multi-coupled receptors, where the success rate was very high for all three classes, it is likely that many of the predicted multiple G-protein coupling in those cases are real. (2) This may indicate that the data for GPCR/G-protein coupling in the literature are not complete. What impact this may have had on training the model is undetermined. It is conceivable, though, that clustering a large number of related receptors coupled to a single G-protein class (e.g. all NPY, opioid and somatostatin receptors, as well as more than ten chemokine receptors couple to G i/o ) would inevitably overfit the model. Whereas clustering related receptors (e.g. endothelin receptors) coupled to more than one class of G-proteins would, to some extent, offset the impact of incomplete literature data; the same situation may be assumed for receptors (e.g. LSH and TSH receptors) that have individually been reported coupling to all major classes of G-proteins (TiPS, 2001) . Our results suggest that the data in the literature, if truly incomplete, could be, at least in part, recuperated by the model.
As we described in Section 2.2, the existing coupling dataset for GPCRs is small and deterministic in nature. A careful study of the distributions of GPCR sequences and GPCR/G-protein coupling, along with data preprocessing, are important factors to consider in order to ensure that the model works. In this study, we have used the 80/80 rule of elimination to reduce the redundancy in a few clusters in order to relieve the bias of the model for certain subfamilies of GPCRs. Under this condition, the performance of the model can be maintained (Table 1 and Supplement Table 7 ). It should be noted that, however, the I C 2 , I C 3 and I C 4 regions are much longer than I C 1 and less conserved. To achieve the same extent in removal of redundancy in these regions, a more stringent elimination criterion, e.g. 70/80, may be used.
A few groups have attempted to predict GPCR/Gprotein coupling specificity by devising a sequenceanalysis based approach (Horn et al., 2000; Oliveira et al., 1999) . In particular, Moller et al. (2001) recently published a study based on the correlation between the amino acid patterns in the intracellular domains of GPCRs and the G-protein coupling specificity. Although being a valid and useful approach, it is difficult to generate patterns that include the receptors outside the receptor subfamily (implying low sequence similarity), and are yet coupled to the same G-protein; at the same time exclude the receptors from the same subfamily (implying high sequence similarity) that are coupled to different Gproteins. As a result, as many as 120 patterns for all four intracellular domains of 100 GPCRs have been generated. This means that more patterns will have to be created, as more GPCRs are considered over time, which in turn may result in poor predictability. Moreover, this system did not take into account the fact that many individual GPCRs can each couple to more than one class of G-protein, which seems to be more of a 'rule' rather than an 'exception' (Wess, 1998; Horn et al., 2000; Oliveira et al., 1999) .
In this study, we have developed a Naive Bayes model that predicts the coupling selectivity between GPCRs and G-proteins. The coupling results extracted from our model are in agreement with the results obtained by various groups using experimental assays. The computational exercise outlined in the current study not only opens a new venue to address this important biological problem, but also provides an alternative to the experimental approach in the characterization of orphan GPCRs.
